Rationale: Patients transferred from the intensive care unit to the wards who are later readmitted to the intensive care unit have increased length of stay, healthcare expenditure, and mortality compared with those who are never readmitted. Improving risk stratification for patients transferred to the wards could have important benefits for critically ill hospitalized patients.
Determining who is ready for intensive care unit (ICU) discharge is a daily challenge for any ICU care team. Patients who experience unplanned readmissions to the ICU have increased mortality, length of stay, and cost compared with those not readmitted during their hospital stay (1, 2) . Many physicians rely on clinical intuition and local hospital policies on the level of care that can be provided on the ward to determine who is ready to leave the ICU. This decision also is often influenced by the number of available ICU beds (3) . The combination of external pressure to act as a steward of an often scarce hospital resource and variability of clinician intuition results in dramatic variation in the severity of illness of patients transferred out to the wards across ICUs (3, 4) . Previous studies that performed retrospective reviews of ICU readmissions suggest that more than 10% of these readmissions are potentially preventable (5) (6) (7) . For these reasons, improving risk stratification for patients at risk of clinical deterioration on the hospital ward after ICU discharge could have important benefits for critically ill hospitalized patients.
There has been growing interest in developing clinical decision support tools because of increasing availability of patientlevel data (4, (8) (9) (10) (11) (12) (13) (14) (15) . Clinical decision support tools using real-time patient data may provide clinicians with additional information to guide decision making regarding timing of ICU discharge and level of monitoring needed on the ward. However, the tools developed to date have used only a fraction of the large amount of data available to clinicians with modern electronic health records. In addition, few of these tools have been validated, and the validation studies performed to date have demonstrated poor accuracy (8, 16) . New complex classification algorithms have leveraged big data to create accurate predictive models for human behavior and events (17) . These algorithms, known as machine learning, are flexible modeling techniques designed to both learn and generalize from data. Recently, published work has shown that several machine learning methods are more accurate than logistic regression models and early warning scores for predicting clinical deterioration in hospitalized patients (18) (19) (20) . Therefore, a model created using a machine learning method may improve the prediction accuracy of an ICU readmission score. The aim of this study was to develop a novel prediction tool on the basis of a machine learning algorithm called gradient boosted machine (GBM), using variables that are available in real time in the electronic health record, and to compare the derived model to previously published risk scores.
Methods

Setting and Study Population
We conducted an observational cohort study of all adult patients who received care in an ICU and were subsequently transferred to the medical-surgical wards at the University of Chicago Medical Center between November 1, 2008, and January 15, 2016. The University of Chicago Institutional Review Board approved the study protocol and granted a waiver of consent on the basis of minimal level of harm and general impracticability (IRB #16995). External validation of the derived model was performed in the Medical Information Mart for Intensive Care (MIMIC-III) database (version 1.4), which is a clinical database consisting of more than 38,000 ICU patients (medical, surgical, coronary care, and neonatal) admitted to Beth Israel Deaconess Medical Center (Boston, MA) from June 2001 to October 2012 (21, 22) . The establishment of the database was approved by the Institutional Review Boards of the Massachusetts Institute of Technology (Cambridge, MA) and Beth Israel Deaconess Medical Center (Boston, MA). Our access to the database was approved by its administrators. The MIMIC-III cohort used in our analysis was composed of all adult patients who received care in an ICU and were subsequently transferred to the medical-surgical wards.
Outcomes
The primary outcome of interest was ICU readmission, defined as a transfer from the ICU to the wards and then back to the ICU during the same hospitalization. Patients who suffered a ward cardiac arrest (i.e., loss of a pulse with attempted resuscitation) after ICU-to-ward transfer were also classified as an ICU readmission. ICU readmissions were determined using location-stamped vital signs, and death on the wards was confirmed using administrative databases. Patients who died during the ward stay after ICU discharge without being readmitted or suffering a cardiac arrest were considered to be comfort care patients and were excluded from the analysis. In addition, patients who were discharged to hospice after transfer to the ward were excluded from the analysis. Finally, patients readmitted to the ICU after an interventional or surgical procedure were not included in the readmitted cohort, as these readmissions could have been planned by the clinical service before the procedure.
Predictor Variables
Predictors were selected a priori on the basis of our clinical experience and previous literature describing risk factors for ICU readmission (2, 4, 8, 10, 12, 14, 15, 23, 24 (22) . For each predictor variable, the measured value closest to the time of ICU discharge was used. In addition, vital sign trends and laboratory trends over the last 24 hours before ICU discharge were included as predictor variables, as these trends have been shown to improve the accuracy in predictions of impending clinical deterioration (25) . Descriptive statistics were used to characterize the patient population and distributions of these predictor variables, and t tests, Wilcoxon rank sum tests, and chi-square tests were used, as appropriate, to compare characteristics for patients readmitted to the ICU to those who were not.
Model Development
To develop and then compare the prediction model to previous algorithms, the patient population was divided into derivation (60%) and internal validation (40%) cohorts by random number generator. The decision was made a priori to use a decision-tree-based ORIGINAL RESEARCH modeling technique, GBM, which is a collection of decision trees that are increasingly focused on the hard-to-predict cases to increase the predictive accuracy of classification problems. GBM is an ensemble algorithm, where each decision tree is trained one after another. Each subsequent decision tree is trained primarily with data that had been incorrectly classified by previous decision trees. This allows the model to gradually focus more on difficult-topredict cases. This modeling technique has been shown to be one of the most accurate and best calibrated machine learning methods for predicting clinical deterioration on the wards (18) . A GBM model was fit to develop the risk prediction model in the training cohort using the last ICU observation before ward transfer using all predictor variables. In addition, a simpler physiologic GBM model was fit that included age, vital signs, and laboratory data as predictor variables in the University of Chicago cohort to be validated in the MIMIC-III cohort. Because tree-based machine learning models have decreased accuracy in highly unbalanced data (e.g., many more nonevent observations than event observations), each patient who experienced a readmission was matched to a randomly selected patient who did not experience a readmission to create a balanced dataset for model derivation (26, 27) . The optimal number of splits for each individual tree, the total number of trees, and shrinkage factor were determined using tenfold crossvalidation in the training dataset.
Accuracy Comparisons
Predicted probabilities were calculated for each ICU discharge in the validation dataset using the optimally tuned GBM model from the derivation dataset. The accuracy of the GBM model was compared with the previously published Stability and Workload Index for Transfer (SWIFT) score (4) and the Modified Early Warning Score (MEWS) (9, 28) in both the internal and MIMIC-III validation cohorts using sensitivity, specificity, and area under the receiver operating curve (AUC) for ICU readmission at any time after ICU discharge (29) . The AUCs were compared according to the method of DeLong and colleagues (30) . In addition, secondary accuracy comparisons were performed by classifying readmissions as early (<72 hours after ICU discharge) or late (.72 hours after ICU discharge) (31) . A post hoc sensitivity analysis was performed, where those patients who died on the ward with no cardiac arrest and those who were discharged from the hospital to hospice were included in the analysis as nonevents to ensure model stability. To inspect the clinical validity of the derived model, a variable importance measure that used the change in the Gini index was used to visualize the contribution of the predictor variables in the most accurate model (27) . The effects of the most accurate predictor variables across different values were also created for the derived model using partial dependence plots (32) . All analyses were performed using R version 3.3.0 (The R Foundation for Statistical Computing) and Stata version 14.1 (StataCorp). A P value , 0.05 denoted statistical significance.
Results
During the study period, a total of 22 Table E2 ). The MIMIC-III external validation cohort included 42,303 ICU admissions that were followed by discharge to the ward. These patients had an observed ICU readmission rate of 8.2% (3,458 of 42,303). In the internal validation dataset, the derived model better predicted ICU readmission at all time points after transfer to the ward than the MEWS and SWIFT scores ( Table 2 ). The machine learningderived model had the highest AUC for predicting those patients ever readmitted (AUC, 0.76; 95% confidence interval [CI], 0.75-0.78), followed by SWIFT (AUC, 0.65; 95% CI, 0.63-0.66), and MEWS (AUC, 0.58; 95% CI, 0.56-0.60) in the interval validation cohort. In the MIMIC-III cohort, the simpler physiologic machine learning derived in the University of Chicago cohort had the highest AUC for predicting those patients ever readmitted (AUC, 0.71; 95% CI, 0.70-0.72), followed by SWIFT (AUC, 0.58; 95% CI, 0.57-0.59), and MEWS (AUC, 0.57; 95% CI, 0.56-0.58). These machine learning-derived models were more accurate than the SWIFT score and MEWS in both the internal and MIMIC-III validation cohorts (P , 0.001).
In the University of Chicago internal validation cohort, a post hoc sensitivity analysis including ICU discharges followed by death on the hospital ward without a cardiac arrest or discharge to hospice had an AUC of 0.75. Furthermore, at a specificity of 95%, the derived model had a sensitivity of 28% compared with 15% for SWIFT score and 7% for the MEWS (Table E3 ). The addition of nursing, medication, and ICU intervention variables improved prediction of ICU readmission compared with physiologic parameters alone (AUC, 0.74 for physiologic variables vs. AUC, 0.76 for full model; P , 0.0001; Table E4 ).
Blood urea nitrogen, Braden scale, oxygen saturation/fraction of inspired oxygen ratio, and albumin were the most important predictor variables in the full GBM model (Figure 2 ). The partial plots illustrating the effects of these predictors across a range of values in the model are shown in Figure 3 . As shown, the risk for the readmission was increased at lower values of the Braden scale and oxygen saturation/ fraction of inspired oxygen ratio. The risk of readmission is highest for patients with Braden scale lower than 13. Risk also increased with increasing values of blood urea nitrogen, and an inflection point with more rapidly increasing risk occurred 
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at blood urea nitrogen value of around 35 mg/dl. Last, the risk of readmission is highest for patient with albumin lower than 2.7 g/dl.
Discussion
Using data available in real time in the electronic health record, we have developed and validated a machine learning model to predict the likelihood that patients will return to the intensive care unit after transfer out to the wards. This is the first use of this novel machine learning technique to model intensive care unit readmission in the medical literature. Our model was more accurate than the Stability and Workload Index for Transfer score and the Modified Early Warning Score in both our interval validation and the Medical Information Mart for Intensive Care-III cohort. This model could be used to improve the allocation of scarce and expensive resources for patients transferred out of the intensive care unit. Specifically, the use of our model could identify high-risk patients who could benefit from closer monitoring on the wards after transfer, including rapid response team visitation, and enhanced intensive care unit to ward handoffs.
The goal of our study was to create a risk score that could be calculated in real time from data in the electronic health record using a novel machine learning technique. Ensemble machine learning models, such as gradient boosted machine, have been shown to be more accurate than conventional logistic regression to classify disease or predict clinical outcomes in a variety of clinical settings (18, 33, 34) . These machine learning approaches can account for nonlinear and higher dimensional relationships between a multitude of variables that enhance both prediction and explanatory power (35) . To date, a machine learning model has not been developed to predict intensive care unit readmission. However, machine learning models have been shown to be more accurate than prior models using logistic regression in predicting hospital readmission in patients with congestive heart failure (36) . In addition to our novel modeling technique, we aimed to use variables available in real time in the electronic health record. Several previously published risk scores included variables that may not be accurately documented in real time, including admission diagnosis category or type of shock on admission to intensive care unit (8, 10, 12) . These variables were not available in our dataset and are not abstracted reliably from the electronic health record.
The accuracy findings for Modified Early Warning Score and Stability and Workload Index for Transfer were similar to those of other studies validating these scores as prediction tools for intensive care unit readmission (16, 37, 38) . The Stability and Workload Index for Transfer Stability score appears to lose predictive accuracy when externally validated on a mixed surgical and medical intensive care unit population (16) . In addition, Rosa and colleagues also showed that the Stability and Workload Index for Transfer score had the same 
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predictive accuracy as tools such as the Sequential Organ Failure Assessment score and simplified Therapeutic Intervention Scoring System created and designed for different purposes (37) . These prior studies, in combination with our findings, reinforce that prior prediction tools such as the Stability and Workload Index for Transfer score may not provide much value above clinical judgment. Our model, which uses a novel machine learning technique and included physiologic variables developed on a large mixed medical and surgical intensive care unit patient population, did not lose significant predictive accuracy when externally validated in the Medical Information Mart for Intensive Care-III cohort.
Previous studies developing models for intensive care unit readmission have varied widely in the outcomes investigated. Prior models have included readmissions within 48 hours of intensive care unit discharge, within 7 days of discharge, and anytime during the hospitalization (4, (8) (9) (10) (11) (12) (13) (14) (15) . Because different investigators have used differing outcome time points and because of the lack of consensus on timeline for preventable intensive care unit readmission, we illustrated model AUCs for early and late readmission to illustrate the association between readmission timing and accuracy. As shown, our model was the most accurate for both early and late readmission. Interestingly, both our model and the Stability and Workload Index for Transfer score demonstrated improved accuracy for late readmissions compared with early readmissions. In addition, there has been wide variation regarding how death on the wards after discharge from the intensive care unit has been incorporated in these analyses. For example, some groups included death without intensive care unit readmission in the primary outcome, and others have excluded these patients (8) . We chose to exclude patients who died on the wards without cardiac arrest or intensive care unit readmission, because these patients likely did not desire care escalation (e.g., were comfort care). Thus, they are not relevant to investigating risk factors for intensive care unit readmission, because they would not be readmitted despite being critically ill. A post hoc sensitivity analysis including these comfort care deaths as readmissions did not significantly alter the accuracy of our model.
We investigated prior literature to determine the risk factors often associated with intensive care unit readmission and incorporated these as variables in our model. In light of the prior literature, it was not surprising that some of the most important predictor variables in the model were physiologic variables (4, 39) . Specifically, one of the most important variables in our model was the oxygen saturation as measured by pulse oximetry/fraction of inspired oxygen ratio. This ratio has been shown to be a reliable noninvasive alternative to the arterial oxygen pressure/ fraction of inspired oxygen ratio (40) . The arterial oxygen pressure/fraction of inspired oxygen ratio was included as a predictor in the most widely studied and used intensive care unit readmission score, the Stability and Workload Index for Transfer score (4). Interestingly, one of the most important predictors in our model was the Braden Scale. There has been increasing evidence that nursing assessments are correlated with in-hospital and postdischarge mortality (41) . Furthermore, tools such as the Braden Scale and the Morse fall risk score have been shown to accurately predict 90-day mortality and discharge to an extended care facility (42) . These readily available standardized nursing assessments appear to function well as a surrogate measure of patient frailty. Similar to other studies, we found that the inclusion of nonphysiologic variables (e.g., medications, intensive care unit interventions) in addition to physiologic variables improved model accuracy (8) .
We should also note limitations of the current study. As our risk score was developed using patient data from a single institution, the generalizability of our findings will need further validation. However, our model continued to perform well in the Medical Information Mart for Intensive Care-III cohort. Important factors such as intensive care unit bed availability and hospital census can impact intensive care unit readmissions and, therefore, the prediction of these events. We did not have these important hospital-level variables in our model. Finally, we did not have information on reasons for intensive care unit admission. Because of this lack of data, we could not confidently exclude all patients who had elective admissions to the intensive 
care unit. However, only a small proportion of our sample was likely to have planned intensive care unit admission from areas outside of the operating room or procedural areas, thereby having little impact on our risk score.
Conclusions
In summary, we developed and validated an intensive care unit readmission prediction model using a novel machine learning modeling technique. This risk score was more accurate than previously published tools and includes variables available in real time in the electronic health record. Our algorithm could be inserted into an electronic health record, a dashboard, or even a mobile app that could be used by both intensive care unit teams and rapid response teams to design targeted interventions aimed at reducing morbidity and mortality for patients transferred out of the intensive care unit. n Author disclosures are available with the text of this article at www.atsjournals.org.
